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A B S T R A C T
Nutrient deficiency in forest stands has a negative impact on timber production. Although there are numerous studies
investigating nutrient deficiency in forests using remote sensing, research has usually focused on extracting nutrient/
pigment concentrations using hyperspectral imagery. Results of studies using this method of assessment are uncertain
at the canopy level. This study proposes using freely available multispectral imagery to identify nutrient deficiency in
commercially managed forest plantations. A classification map of nutrient deficient, healthy, and a third class, other,
for State spruce forests in the Republic of Ireland was constructed using multispectral Sentinel 2 images from Spring
and a Random Forest model. The forest area of interest (AOI) was Sitka spruce or Norway spruce plantations greater
than 12 years old. Results showed that the overall accuracy was 89% and the associated Kappa Index of agreement
was 79%. An unbiased area estimator was vital for an accurate estimate of the scale of nutrient deficiency, which
concluded that 23% of the AOI was nutrient deficient. Early detection of nutrient deficiency is crucial to mitigate
negative impacts on productivity so a time series analysis of the spectral response of healthy and nutrient deficient
classes using Google Earth Engine's Landsat 5, 7, and 8 archive was carried out. A control of known nutrient deficient
sites, as identified through foliar analysis, was used for comparison with the nutrient deficient and healthy training
data. The spectral response showed a decrease through time for all of the foliar analysis and training data using the
green (520–600 nm), red (630–690 nm), and SWIR spectra (1550–1700 nm) during Spring. This decreasing trend is
due to the growth of foliage, with the difference in spectral response between nutrient deficient and healthy stands
being attributed to the presence of chlorosis in stands suffering from nutrient deficiency. Spectral thresholds using
digital numbers for nutrient deficient stands were identified for an operational optimum age cohort of between
10–12 years old which will be used for early detection.
1. Introduction
Forests cover 32% of the earth's land surface (UN FAO, 2015) and
provide vital ecosystem services such as habitats for flora and fauna,
maintaining water resources, and mitigating the effects of anthro-
pogenic climate change through carbon sequestration (Trumbore et al.,
2015). Forest Health (FH) is vital to the sustained delivery of these
ecosystem services. As cited in Lausch et al. (2016), there are numerous
threats and stresses to FH such as deforestation, land use changes, un-
sustainable management practices, drought, invasive species, pests,
pathogens, fire, windthrow, and air pollution. Some of these factors,
such as invasive species, pests, and pathogens are being exacerbated by
climate change, as previously uninhabitable environments are be-
coming sustainable (Dale et al., 2001). These climate change induced
stressors are putting pressure on the delivery of ecosystem services by
forests. Documenting the changes in FH allows for better informed
forest management decisions which is vital to the sustainable man-
agement of these ecosystems.
Monitoring changes in FH on a European scale was first carried out
in 1985 by The International Co-operative Programme on Assessment
and Monitoring of Air Pollution Effects on Forests using crown condi-
tion. Other indicators used to assess FH include but are not limited to
ozone exposure/injury, vegetation diversity (Woodall et al., 2011), soil
condition, defoliation (Forest Europe, 2015) and chlorosis (Köstner
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et al., 1990). Chlorosis is the pale green/yellow appearance of foliage
due to a higher concentration of carotenoids (xanthophyll and car-
otene) compared to chlorophyll (a and b) (Zur et al., 2000). Carotenoids
and chlorophyll are plant pigments which give foliage their colour,
depending on the pigment with the highest concentration, where a
higher concentration of chlorophyll results in the appearance of green
foliage and a higher concentration of carotenoids results in the foliage
appearing yellow/orange/red depending on the specific carotenoid.
Understanding this relationship is vital for the assessment of chlorosis,
as pigment concentration is the most influential indicator in the visible
spectrum (Datt, 1998). Chlorosis can also be caused by air pollution
(Lucas et al., 1993), however, nutrient deficiency has been shown to
cause chlorosis of foliage more than air pollutants (Köstner et al.,
1990). Nitrogen (N), Phosphorus (P), and Potassium (K) are three
macronutrients that are needed for plant growth, with deficiencies re-
sulting in stunted growth, chlorosis of foliage, and failed crops if severe.
Nitrogen, P, and K deficiencies can be identified through foliar analysis,
and all result in chlorosis for spruce species (Ingestad, 1959; Teagasc,
2007) with tolerance to N variations being low (Ingestad, 1959).
Historically, monitoring of FH has been carried out in situ by forest
inventory staff. In addition to ground surveys such as field plot mea-
surements, inventory staff would also record instances of disturbances/
damage e.g. windblown areas. This method of assessment is spatially
limited, time consuming, and personnel intensive. In contrast remote
sensing has made it possible to carry out such assessments in a timely
and cost effective manner across large spatial scales. Remote sensing
has many applications in forest management such as land cover change
detection (Singh, 1989; Coppin and Bauer, 1996), species classification
(Martin et al., 1998), land cover estimation (Büttner et al., 2004),
height estimation (Kwak et al., 2007), and defoliation (Meng et al.,
2018). The use of indices has aided these applications enhancing or
suppressing the spectral response of objects, such as vegetation, making
them easier to identify (Jackson and Huete, 1991).
Much of the literature that has investigated nutrient deficiency in
forests has focused on extracting leaf pigment concentrations using hy-
perspectral imaging techniques (Asner and Martin, 2008; Ustin et al.,
2009; Schlerf et al., 2010) which have been summarised according to
remote sensing method (in situ, airborne, or satellite) by Watt et al.
(2019). Although leaf level studies can yield useful results for canopy
level analysis, Asner (2008) showed that no single spectral band is sen-
sitive to a particular leaf biochemical. Furthermore, results developed at
the leaf level are not always applicable at the canopy level due to dif-
fering optical properties (Sampson et al., 2003). Previous research that
has examined nutrient deficiency at the canopy level, used hyperspectral
imagery to estimate nutrient concentrations (Schlerf et al., 2010) and
chlorophyll content (Sampson et al., 2003), but results are ambiguous
due to canopy structure interference (Asner and Martin, 2008;
Knyazikhin et al., 2013). Notwithstanding, the use of hyperspectral
images has previously shown the visible spectrum to be the least variable
for green foliage (Asner, 1998) and foliage with lower chlorophyll con-
centrations has a higher reflectance in both the green and red spectra
(Zur et al., 2000). Research that has utilised multispectral satellite
images has focused on the effects of pests (Fraser and Latifovic, 2005);
ozone exposure (De Marco et al., 2017); induced stresses such as herbi-
cides (Dash et al., 2017), or used fine spatial scales for their study sites
(Reid et al., 2016; Dash et al., 2017). Darvishzadeh et al. (2019) com-
bined multispectral satellite imagery to map chlorophyll content at the
canopy level and highlighted the use of the red edge band for mapping
chlorophyll. Despite these advances, the area of broad scale assessment
and identification of nutrient deficiency in forests using multispectral
data is understudied and will be examined herein.
1.1. Objectives
There were two objectives for this research (Table 1). The first ob-
jective was to determine the areal extent of nutrient deficiency in state
owned spruce forests over 12 years of age in the Republic of Ireland.
The second objective was to use time series analysis to determine when
the spectral response of nutrient deficient sites could be isolated from
healthy sites, and if spectral thresholds using digital numbers could be
established to differentiate the two classes.
2. Materials and methods
2.1. Study area
The study area consists of Irish State forests managed by Coillte, the
State forestry board, which amounts to a total area of 440,000 hectares of
land. Sixty percent of the estate consists of Sitka spruce (Picea sitchensis
(Bong.) Carr.), 9% Lodgepole pine (Pinus contorta Dougl.) and 3%
Norway spruce (Picea abies (L.) H.Karst). The remaining percentages
consist of other conifers and broadleaved species with typical forestry
rotation lengths for spruce being 30–35 years. All stands are managed
using the clearcut silviculture system. The area of interest (AOI) is fo-
cused on a species composition greater than 69% of either Sitka spruce
(SS) or Norway spruce (NS) plantations due to it being susceptible to
nutrient deficiency, with a total area of approximately 193,000 ha
(Fig. 1a). Other species included in the AOI were European larch (Larix
decidua Mill.), Japanese larch (Larix kaempferi (Lamb.) Carr.), and silver
birch (Betula pendula, Roth.) among other decidious species. Pine is more
tolerant of nutrient poor soils as it is a nutrient fixing species (Granhall
and Lindberg, 1978; Gordan and Dawson, 1979), meaning that it is not as
susceptible to nutrient deficiency as spruce, and so was excluded from
the analysis. A minimum age of 12 years old is implemented as by this
age if nutrient supply is adequate, the canopy will be closed (Hill, 1979),
assuming there is no substantial interference from other factors. Ensuring
the canopy is closed will decrease the potential of misclassifying a pixel
as other when it is nutrient deficient or healthy.
2.2. Data
2.2.1. Satellite images
Two sources of freely available satellite imagery were used, the first was
from the European Union's Earth Observation programme, Copernicus,
which consists of a constellation of satellites. The Copernicus programme is
coordinated and managed by the European Commission and the European
Space Agency (ESA). The Sentinel 2 mission consists of two multispectral,
polar orbiting satellites (S2A and S2B), launched in June 2015 and March
2017 respectively, which allows for a revisit time of approximately five
days. Both satellites have a swath width of 290 km, and capture images at
10m, 20m, and 60m resolutions (See Table S1 for further details). Sentinel
2 was chosen as the preferred source of data for classification due to the
spatial and spectral resolutions of the bands, although bands captured at
60m resolution were not used. Only images from Spring and Summer
months were considered as a result of the availability of country-wide cloud
free images to produce a mosaic. Most of Ireland is captured within thirteen
Sentinel 2 tiles, where twelve Level-1C (top of atmosphere) images from
Spring and one from Summer were downloaded using the Copernicus Open
Access Hub website (https://scihub.copernicus.eu/), as one tile did not have
a cloud free image during Spring.
The second source of satellite imagery was from NASA's Landsat
missions. Landsat 5 was launched in March 1984 and decommissioned
Table 1
Data used for objectives.
Objective Satellite
data
Training data Validation data Foliar
analysis data
1. Area estimate Sentinel 2 ✓ ✓ X
2. Spectral
threshold
Landsat 5,
7, 8
✓ X ✓
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in June 2013. Landsat 7 was launched in April 1999 and Landsat 8 in
2013, both of which are still in operation as of 2019. All three multi-
spectral satellites have a global 16 day revisit time (Roy et al., 2014), a
swath width of 185 km, and capture images at a variety of resolutions
(see Table S2 and Table S3 for further details). This historic archive was
utilised for the time series component of the study using Google Earth
Engine. Google Earth Engine is a platform designed to catalog satellite
imagery and geospatial datasets with planetary-scale analysis cap-
abilities (Gorelick et al., 2017). Only surface reflectance images from
1999 with less than 20% cloud cover within the AOI during Spring were
selected.
2.2.2. Coillte's sub-compartment database
Coillte's sub-compartment database is a vector geospatial database
of forest stands owned by Coillte with a minimum mapping unit of
0.5 ha. The database is updated on a weekly basis by Coillte's inventory
team using both field based inventory data and earth observation data.
A sub-compartment is an area of a forest that is distinct from neigh-
bouring stands based on species, age, height, yield class, or other
variables. In this study the database was used to filter the sub-com-
partments to the AOI based on species and age criteria.
2.2.3. Training and validation
The training and validation datasets consisted of digitising and
classifying three classes; nutrient deficient spruce, healthy spruce, and
an other class as follows:
• Nutrient deficient spruce was characterised by light green foliage as
nutrient deficiencies are known to cause spruce foliage to turn light
green (Forest Service, 2015). This was evident from both field visits
and remote analysis using aerial photographs of nutrient deficient
confirmed areas through foliar analysis. Given that there are no
recorded incidents of pests or pathogens on the island of Ireland that
cause foliar discolouration of this type i.e. light green, this was
further evidence to characterise nutrient deficiency as light green
foliage. Green spruce aphid attacks are common in Ireland but cause
older foliage to turn brown/red in colour. It should be noted that
there is a nutrient deficiency spectrum, meaning that although a
polygon may be classified as nutrient deficient, the crop may still be
financially valuable to harvest in the future without the intervention
of fertiliser. Notwithstanding, some crops will need fertiliser appli-
cation in order to close canopy and be financially viable to harvest.• Healthy spruce was characterised by dark green foliage. This was
again evident from field visits and aerial photography analysis
where healthy spruce forests had closed canopy or almost closed
canopy by 12 years old.• The other class consists of unproductive forest land use and land
cover types, such as: undeveloped areas which are defined as an area
where more than 80% of a conifer crop has failed to establish; forest
roads; windblown areas; and temporarily unstocked areas.
Classifying these areas into separate classes was outside the scope of
the objectives of this research, therefore these areas were grouped
together as a single class to avoid misclassifications.
The training data was digitised from the interpretation of freely
available aerial imagery as a base layer to create polygons of the three
classes to capture the greatest area of homogeneous pixels. The training
dataset included, where possible, 60 polygons per class per tile within
the AOI as the variation of spectral responses within and between the
classes should be effectively captured due to the homogeneity of the
AOI. Four tiles did not have a sufficient number of forest areas to create
60 polygons per class, and so a minimum of 30 polygons per class per
Fig. 1. (a) AOI in the Republic of Ireland, (b) Training data locations within Sentinel 2 tiles in the Republic of Ireland.
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tile was set. Thirteen tiles were used in total, amounting to 1,392
polygons (Fig. 1b) with a median area of 0.5 ha. Validation checks were
also carried out using LiDAR data where available to audit the heights
of nutrient deficient polygons and neighbouring healthy polygons of
similar age where nutrient deficient polygons had a smaller height.
The validation dataset was created by generating a systematic grid
of points with a random origin from the extent of the tiles with a spa-
cing of 1,500m, which was then clipped to the AOI, resulting in 847
sample points. Each point was photo-interpreted using freely available
aerial imagery and LiDAR derived canopy height models and assigned
to one of the three classes (Table 2).
2.2.4. Foliar analysis
The foliar analysis data was used to determine if nutrient deficient
forest stands can be differentiated from healthy stands using multi-
spectral images in the time series analysis. Foliar sampling is carried out
by Coillte at suspected nutrient deficient sub-compartments during
November/December each year with samples of foliage from the pre-
vious year's growth collected from the first whorl below the leader. The
samples are collected by walking a line transect through the sub-com-
partment, collecting a sample every nth tree, depending on the size of
the sub-compartment, using the guideline of 50 samples per 10 ha.
Samples were then randomly sub-sampled and sent to the British
Forestry Commission laboratories for analysis where they were tested
for N, P, and K. Foliar analysis from the sub-compartments used in this
study were sampled between 2012–2017 and were deficient for one or
more of N, P, and K (Fig. 2), with most of the samples tested, deficient
in N and/or P. The deficient thresholds for N, P, and K are taken from
the Forest Service (2015) requirements for aerial fertilisation, which are
specific to SS and NS (Table 3). A total of 49 unique sub-compartments
planted from 1998 with a median size of 5.45 ha were used.
2.3. Image pre-processing
The images were processed according to the work flow (Fig. 3) with a
number of pre-processing steps carried out before the classification of the
images. These included atmospheric and radiometric corrections, re-
sampling, cloud removal, and calculation of indices. The atmospheric
corrections were carried out using Atmospheric and Radiometric Cor-
rection of Satellite Imagery (ARCSI) (Bunting et al., 2014) which also
resampled the 20m bands to 10m using a nearest neighbour resampling
method as it retains the original pixel values. The radiometric corrections
were carried out using Orfeo Toolbox (OTB) (Grizonnet et al., 2017) and
areas of the AOI covered by cloud were removed manually as it was
quicker and more reliable. The green, red, red edge 1, and SWIR bands
are shown to be most effective at differentiating between the classes
(Fig. 4) and so vegetation indices primarily utilising these bands were
used. The indices used were Ratio Vegetation Index (RVI), Normalised
Difference Vegetation Index (NDVI), Transformed Normalised Difference
Vegetation Index (TNDVI), Normalised Difference Red Edge (NDRE),
Modified Chlorophyll Absorption Ratio Index (MCARI), Green Atmo-
spherically Resilient Index (GARI), Red edge Green (REGR), Excess-
Green, and ExcessSWIR (Table 4). The indices were calculated, normal-
ised, and then stacked with the multispectral bands, along with other
explanatory variables such as a peat soil classification map (Connolly and
Holden, 2009), national 30 year (1981–2010) average annual pre-
cipitation rates (Walsh, 2012), and a digital elevation model (EU-DEM,
2017). The median value per polygon from the training data for all ex-
planatory variables was extracted using pkextractogr from pktools
(McInerney and Kempeneers, 2015).
2.4. Classification
The classification used a Random Forest (RF) model which creates
many decision trees (DT) that are binary divisions with increasingly
homogeneous class variables as measured by the Gini index (Breiman
et al., 1984). These divisions are repeated until there is no reduction in
the Gini index, at which point the tree is said to be fully grown. The RF
model fits many DT to the data, making a forest, and uses the majority
vote to determine the final classification (Breiman, 2001). This allows
RF to be very useful for both regression analysis and classifications. The
Table 2
Number of training polygons and validation points used per class.
Dataset Nutrient deficient Healthy Other Total
Training (Polygons) 453 465 446 1,364
Validation (Points) 176 515 136 847
Fig. 2. Boxplots of nitrogen, phosphorus, and potassium percent dry matter (DM) content from foliar analysis data with the horizontal dashed line showing the
respective deficiency thresholds as per Forest Service (2015) guidelines.
Table 3
Sitka and Norway spruce nutrient thresholds for nitrogen, phosphorus, and
potassium (Forest Service, 2015).
Nitrogen (N) (%
DM)
Phosphorus (P) (%
DM)
Potassium (K) (%
DM)
Satisfactory >1.2 > 0.13 >0.50
Low 0.90–1.2 0.10–0.13 0.30–0.50
Deficient < 0.90 < 0.10 <0.30
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RF model was chosen as it has a higher accuracy than a single DT,
provides an unbiased accuracy estimate, and prevents over-fitting
(Breiman, 2001). RF is highly capable of being used with remotely
sensed data and specifically for image classifications (Bosch et al., 2007;
McInerney and Nieuwenhuis, 2009; Fassnacht et al., 2016; Belgiu and
Dragu, 2016). The RF model using the randomForest package (Liaw and
Wiener, 2002) in the statistical computing language R (R Core Team,
2018) has an option to compute a variable importance plot (VIP), which
ranks the variables according to importance, in this case the mean
decrease in accuracy was used. The VIP was calculated using an initial
RF model which also calculated the optimum number of random vari-
ables used in each tree (mtry) and the number of trees used in the forest
(ntree) using a value of 123 for the set.seed().
The optimum value for mtry and ntree was found by testing many
variations using values from 1 to the total number of explanatory
variables for mtry, and 100, 250, 500, 750, 1,000 for ntree, with op-
timum values being 27 for mtry and 500 for ntree. Current internal
workflows are primarily based in OTB but as VIP analysis is not cur-
rently available in OTB, R was used. A supervised classification of the
three classes was then carried out using the RF model in OTB. The RF
model used the optimum mtry and ntree values as per the accuracy
scores from a repeated k-fold cross-validation previously calculated in
R. Using the results from the VIP, the top five explanatory variables at
differentiating the three classes from the training data were extracted,
stacked, and used for the classifier. Only the top five were chosen as the
other explanatory variables did not significantly contribute to the mean
decrease in accuracy. The outputs were a classified map segregated into
three classes and a confidence map that provides a value between 0 and
1 of the probability that a classified pixel has been classified correctly
(Grizonnet et al., 2017), where a value of 0.8 equals an 80% confidence
Fig. 3. Area estimation workflow.
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in the classification. The confidence is calculated by using the differ-
ence between the number of votes for the majority class and second
highest voted class, divided by the total number of votes.
2.5. Post-processing
There was one necessary post-processing step which was to remove
pixels that had been encroached by broadleaved species. The en-
croachment layer details are available in McInerney et al. (2019) and
consists of approximately 20,000 ha of land identified as encroached.
This layer was used as a mask and pixels classified as encroached in this
layer were removed from the classified layer using GDAL (GDAL/OGR
Contributors, 2018) to reduce the potential for misclassifications. As a
result, 761 of the 847 validation points were available.
2.6. Accuracy assessment and area estimation
To validate the classification, the validation dataset was used in
association with the post processed classified image to generate a
confusion matrix. The overall accuracy, Kappa index of agreement
(Cohen, 1960), User and Producer accuracies were calculated. The
Kappa index of agreement is a measure of how much better than chance
the classifier is, the User's accuracy is a measure of confidence in the
classification, and the Producer's accuracy is a measure of how accu-
rately the pixels have been classified.
Calculating the area from summing map units per class can result in
measurements that are imprecise due to mixed pixels and classification
errors mixed up with co-location inaccuracies (Gallego, 2004). Al-
though the construction of confusion matrices can identify systematic
prediction errors, they do not include confidence intervals, meaning
under or over estimation is not known. However, this information can
be estimated using unbiased estimators, which rely on the confusion
matrix (McInerney et al., 2019). The use of unbiased estimators can be
applied for various sampling designs such as simple random and sys-
tematic (GFOI, 2016), stratified (Cochran, 1977; Olofsson et al., 2013),
and model-assisted (Sarndal et al., 1992; McRoberts et al., 2016).
Usually the estimator approach should reflect the sampling design,
however, stratified estimators should be used when sampling intensities
differ within-strata (GFOI, 2016). Stratified estimators are applicable to
use even if data was collected using simple random sampling as was the
case for this research.
In a confusion matrix of rows (i) and columns (j), to get an error-
adjusted estimate with confidence intervals, the following procedure is
applied: weights are assigned to each class (Eq. (1)), the area proportion
of each cell is calculated (Eq. (2)), an unbiased area estimation is
computed (Eq. (3)), and the variance of the area is calculated (Eq. (4)).
Once the variance of the area is calculated, the standard error (Eq. (5))
and error-adjusted estimate for the area (Eq. (6)) can be estimated.
=w A
Ai
i
tot (1)
where wi is the weight for the ith class, Ai is the classified area for the ith
class, and Atot is the total summed area for all classes.
=p n
n
ˆij
ij
itot (2)
where pˆi j is the estimator of the area proportion of cell ij, ni j is the
number of observations in the confusion matrix for cell ij, and nitot is the
total number of observations for the ith class.
=A A p wˆ ˆi
i
itot ij (3)
where Aˆi is the unbiased area estimator for the ith class.
=A w p p
n
Var( ˆ )
* ˆ (1 ˆ )
1i i
i ij ij
itot (4)
Fig. 4. Spectral response curve for nutrient deficient foliar analysis data (ND_Foliar), nutrient deficient training data (ND_Training), healthy training data
(HE_Training), and other training data (OT_Training) using Sentinel 2 images from Spring 2018.
Table 4
Vegetation indices used in the classification. The subscript refers to the central wavelength of the band.
Index Formula Reference
RVI R800–R675 Jordan (1969)
NDVI (R800–R670)/(R800 + R670) Rouse et al. (1973)
TNDVI 1.5*(R800–R675)/ + +R R8002 675 0.5 Tucker (1979)
NDRE (R750–R705)/(R750+R705) Sims and Gamon (2002)
MCARI [(R700–R670)–0.2(R700–R550)] * (R700–R670) Daughtry et al. (2000)
GARI R800–(R550–1.7*(R500–R675))/R800+ (R550–1.7*(R500–R675)) Gitelson and Merzlyak (1996)
REGR R705–R550 Gitelson and Merzlyak (1994)
ExcessGreen (2* R550)–(R675+R500) Woebbecke et al. (1995)
ExcessSWIR (2* R1600)–(R675+R550) NA
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where Var(Aˆi) is the variance of the unbiased area estimator for the ith
class.
=A ASE( ˆ ) Var( ˆ )i i (5)
where SE(Aˆi) is the standard error.= ± ×A AError adjusted area estimate ˆ 1.96 SE( ˆ )i i (6)
To better understand the area estimates of nutrient deficiency, a spatial
intensity heatmap was created in QGIS using a kernel density estimation of
sub-compartments classified as greater than 69% nutrient deficient.
2.7. Time series analysis
A time series analysis of nutrient deficient foliar analysis data
(ND_Foliar), nutrient deficient training data (ND_Training), and healthy
training data (HE_Training) was undertaken to analyse the spectral re-
sponse through time using Landsat 5, 7, and 8 satellites (Table 5). This was
carried out to determine when nutrient deficiency could be differentiated
from healthy and if spectral thresholds using digital numbers could be
established, as a result, the other class (OT_Training) was not included.
Only surface reflectance images with 20% or less cloud cover within the
AOI during Spring were selected, of which only the blue, green, red, and
SWIR bands that had similar wavelengths across the three Landsat sensors
were used. The cloudy pixels were masked as no data using the cloud
detector algorithm: ee.Algorithms.Landsat.simpleCloudScore in Google
Earth Engine which uses a combination of brightness, temperature, and
the Normalised Difference Snow Index (NDSI) to determine the likelihood
that a pixel is cloudy. Training data that were in sub-compartments be-
tween 18 and 20 years of age in 2018 were used as the spectral responses
should be comparable for the similar stages of growth and should give a
good overview of how the spectral response changes over a substantial
time frame. As the oldest foliar analysis sample tested was planted in
1998, only images from 1999 to 2018 were considered. The data was
grouped by class and the median values plotted through time from 1999 to
2018 with a 95% confidence interval smoothed using local regression in R.
3. Results
3.1. Spectral response curve
The spectral response of nutrient deficient forest stands, identified
through foliar analysis data (ND_Foliar) was plotted against the nutrient
deficient training data (ND_Training), healthy training data
(HE_Training), and other training data (OT_Training) for the Sentinel 2
bands (Fig. 4). The spectral responses of ND_Foliar and ND_Training are
almost identical throughout the entire spectra with the largest diver-
gence in the SWIR1 band. The response of the HE_Training shows a
similar trend as ND_Foliar and ND_Training throughout the spectra but
with a lower spectral response. The OT_Training shows a different trend
with a much greater spectral response than the vegetation classes for
most of the spectra.
The spectral response distributions of HE_Training, ND_Foliar,
ND_Training, and OT_Training show the HE_Training distribution has
the lowest median spectral response throughout the green, red, and
SWIR spectra (Fig. 5). ND_Foliar and ND_Training show very similar
distributions in all three spectra while remaining different from HE_-
Training and OT_Training. OT_Training shows a much larger distribu-
tion than ND_Foliar, ND_Training, and HE_Training, as within this class
there is a variety of land use and land cover types. The tails of the four
classes show some overlap, however the majority of the distribution of
the boxplots remains distinct.
3.2. Classification and accuracy assessment
To determine the optimal season to carry out the analysis, a single tile
from Spring and Summer were tested, with results showing that the dif-
ferentiation between the classes was slightly more pronounced in Spring.
The top five bands from the VIP which were used in the classification were
MCARI, red edge 1, GARI, REGR, and SWIR2. The visual difference be-
tween the classes can be seen in an extract of a Sentinel 2 RGB natural
colour image (Fig. 6), showing the three classes; healthy (dark green),
nutrient deficient (light green), and other (brown/orange). The same area
showing the output from the classification, where the three classes are
healthy (green), nutrient deficient (red), and other (orange) highlights the
difference between the classes. This area is then shown again as a con-
fidence map of the classification per pixel. No pixel had less than 20%
confidence in the classification and any area outside the classification
image was outside the AOI. The confusion matrix from the post processed
classified image and validation data shows that the Overall accuracy is
89% and the Kappa index of agreement is 79% (Table 6).
3.2.1. Area estimate
The error adjusted area estimate shows that 23% of the AOI was
classified as nutrient deficient, 68% was classified as healthy, and 9%
was classified as other (Table 7). The total area classified was 179,602
(± 9,088) ha, 41,830 (± 3,606) ha of which was estimated to be nu-
trient deficient, 122,151 (± 3,706) ha to be healthy, and 15,621
(± 1,776) ha as other. A heatmap shows the spatial distribution of sub-
compartments classified as greater than 69% nutrient deficient (Fig. 7).
3.3. Time series analysis
A time series analysis of nutrient deficient foliar analysis data
(ND_Foliar), nutrient deficient training data (ND_Training), and healthy
training data (HE_Training) for sites aged between 18 and 20 in 2018
using the green, red, and SWIR bands for Spring images from 1999 to
2018 was undertaken (Fig. 8). All of the classes in all three bands start
out at approximately the same spectral response and decrease at varying
rates. The ND_Foliar and ND_Training show similar spectral responses
and trends throughout the time series while remaining different to the
HE_Training spectral response in all three spectra. The ND_Foliar time
series confidence interval is larger than ND_Training and HE_Training
due to fewer, more diverse observations. The associated Mann–Whitney
U test (Mann and Whitney, 1947) show that the ND_Foliar and
ND_Training have p-values greater than 0.05 in the green and SWIR
spectra but lower than 0.05 in the red spectrum at the 95% level which
indicates a significant difference between the datasets (Table 8). The
ND_Foliar and ND_Training also have p-values lower than 0.05 when
compared to HE_Training in the green, red, and SWIR spectra.
Table 5
Time series analysis data showing the number of polygons, the number of Landsat images, and the total number of observations per class.
Class
Nutrient Deficient
Foliar analysis (ND_Foliar)
Nutrient Deficient
Training (ND_Training)
Healthy Training
(HE_Training)
Number of polygons 49 363 422
Number of images 112 117 117
Number of observations 1,779 18,554 21,601
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4. Discussion
4.1. Spectral response curve
Overall the spectral responses of ND_Foliar, ND_Training, and
HE_Training increase and decrease in tandem albeit at different rates,
whereas OT_Training shows a different trend throughout the spectra
(Fig. 4). This is not surprising as ND_Foliar, ND_Training, and HE_-
Training are all vegetation. The spectral response of ND_Foliar shows a
similar response to ND_Training and a similar distribution for the green,
red, and SWIR spectra (Fig. 5). The spectral response of ND_Foliar
shows a distinctly different response compared to HE_Training and a
different distribution for the green, red, and SWIR spectra (Fig. 5). This
illustrates that there is a noticeable spectral difference between nutrient
deficient and healthy vegetation, but also a distinct similarity between
the nutrient deficient foliar analysis data and nutrient deficient training
data using multispectral images. From this we can deduce that using
freely available aerial imagery as a base layer to identify nutrient de-
ficiency is appropriate.
4.2. Classification and accuracy assessment
The confusion matrix shows that the classifier has an overall accu-
racy of 89% and a Kappa index of agreement of 79% (Table 6). These
accuracies are not uncommon for multispectral classification studies
(Kempeneers et al., 2013; Senf et al., 2015). The User's accuracy for
nutrient deficiency is 78% and the Producer's accuracy is 83%, with the
largest misclassifications of nutrient deficiency occurring with the
healthy class as both are vegetation. This is also evident in the con-
fidence map where it shows a lower confidence when two or more
classes are in close proximity (Fig. 6). The Producer accuracy for other is
75% due to a large overlap of the tails with the healthy and nutrient
deficient classes (Fig. 5). Notwithstanding, overall the accuracies are
high due to the homogeneity of the AOI with respect to species and age,
and as shown by Smith et al. (2003), the more homogeneous a study
area is, the higher the probability of correctly classifying a pixel.
4.2.1. Area estimate
The area estimation was the first objective of this study and so its
accuracy is crucial. Using the error-adjusted area estimators was es-
sential to get a rigorous estimate for each classified area. The total area
classified as nutrient deficient was 41,830 (± 3,606) ha which is
equivalent to approximately 23% of the AOI. It is important to em-
phasise that there is a nutrient deficiency spectrum meaning that al-
though a sub-compartment has been classified as nutrient deficient, it
may still produce a financially valuable crop.
The spatial distribution of sub-compartments classified as greater
than 69% nutrient deficient are shown with the most intensely nutrient
deficient areas coloured yellow (Fig. 7). These sub-compartments cor-
respond with areas of peat, high precipitation rates, and high elevation,
Fig. 5. Boxplots of the distribution of (a) Green, (b) Red, and (c) SWIR spectra for healthy training data (HE_Training), nutrient deficient foliar analysis data
(ND_Foliar), nutrient deficient training data (ND_Training), and other training data (OT_Training) using Sentinel 2 images from Spring 2018.
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where analysis revealed that 45% were planted on peat soils (Connolly
and Holden, 2009), 75% had annual precipitation rates greater than
1,175mm (mean 1,385mm) (Walsh, 2012), and 75% were over 130m
in elevation (mean 215m) (EU-DEM, 2017). Similarly, 33% of sub-
compartments classified as greater than 69% healthy were planted on
peat soils, 75% had annual precipitation rates greater than 1,175mm
(mean 1,395mm), and 64% were over 130m in elevation (mean
182m). Although none of the above variables were found to be useful
predictors in the classification, it is useful to note for the time series
Fig. 6. Comparison of a Sentinel 2 image in RGB natural colour (top left), the spatial location of the site (top right), the classified image (bottom left), and the
confidence map (bottom right).
Table 6
Confusion matrix using the post processed classified image and validation data
for nutrient deficient, healthy, and other classes. The User, Producer, and
Overall accuracies are also calculated along with the Kappa index of agreement.
Predicted
Nutrient
deficient
Healthy Other Total Producer's
accuracy (%)
Nutrient deficient 128 26 1 155 83
Healthy 25 462 1 488 95
Reference Other 11 19 88 118 75
Total 164 507 90 761
User's accuracy (%) 78 91 98
Overall accuracy (%) 89 Kappa
index (%)
79
Table 7
Error adjusted area estimates for nutrient deficient, healthy, and other classes.
Class Area (± 95% CI) (ha) Lower estimate (ha) Upper estimate (ha) Percent (%)
Nutrient deficient 41,830 (± 3,606) 38,225 45,436 23
Healthy 122,151 (± 3,706) 118,445 125,856 68
Other 15,621 (± 1,776) 13,845 17,396 9
Total 179,602 (± 9,088) 170,515 188,688 100
Table 8
Mann–Whitney U test results in the green, red, and SWIR spectra for combi-
nations of nutrient deficient foliar analysis data (ND_Foliar), nutrient deficient
training data (ND_Training), healthy training data (HE_Training). p-Values in
bold indicate significance at the 95% level.
Spectrum Combination p-Value
Green ND_Foliar vs HE_Training < 0.001
ND_Foliar vs ND_Training 0.665
ND_Training vs HE_Training < 0.001
Red ND_Foliar vs HE_Training < 0.001
ND_Foliar vs ND_Training 0.037
ND_Training vs HE_Training < 0.001
SWIR ND_Foliar vs HE_Training < 0.001
ND_Foliar vs ND_Training 0.941
ND_Training vs HE_Training < 0.001
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aspect, that the precipitation rates between nutrient deficient and
healthy sub-compartments are very similar.
4.3. Time series analysis
The objective of the time series was to identify the age at which the
nutrient deficient spectral response can be separated from the healthy
spectral response and if thresholds using digital numbers to differ-
entiate the two classes could be established. Neither the blue band nor
any index using it could be used due to scattering inconsistencies across
Landsat sensors. From the remaining Landsat bands, the green, red, and
SWIR bands were shown to be best at differentiating nutrient deficient
and healthy sites (Fig. 4), and are analysed in a time series (Fig. 8). It is
worth highlighting that the ND_Foliar and ND_Training trends and
spectral responses are similar throughout the spectra while remaining
distinct from HE_Training. This is confirmed by the Mann–Whitney U
test for significant difference between classes where the ND_Foliar and
ND_Training are not significantly different in the green and SWIR
spectra while being significantly different from HE_Training in the
green, red, and SWIR spectra (Table 8).
For the green band, all three classes spectral response are similar in
the beginning. This is due to the majority of the spectral response being
attributed to soil rather than the newly planted trees. As shown by
Lillesand et al. (2004), soil has a higher spectral response than vegetation
in the green spectrum. Consequently, all classes then show a decrease
until 2013 (13–15 years old) due to the growth of foliage. The rate of
change from 1999 to 2013 is slower in ND_Foliar and ND_Training
compared to HE_Training, suggesting that the foliar growth rate is
slower, potentially due to nutrient deficiency. From 2013/2014 the
ND_Training remains relatively stationary as does ND_Foliar and HE_-
Training from 2016 because of the lack of change in the canopy spectral
response. The lack of change in the spectral response of HE_Training is
due to the closure of the canopy, whereas for the ND_Foliar and the
ND_Training the canopy has likely not closed due to poor foliage growth
rates. Nutrient poor soils have slow growth rates (Byrne and Farrell,
1998), increasing the period of competition between the forest crop and
ground vegetation, delaying canopy closure and the onset of internal
nutrient cycling (Miller, 1981). As mentioned previously, the results of
the ND_Foliar boxplots (Fig. 2) showed that most of the samples tested
were deficient in N and/or P, with deficiencies resulting in chlorosis for
spruce species (Ingestad, 1959; Teagasc, 2007). Utilising this informa-
tion, the difference in spectral response between the ND_Foliar and
ND_Training compared to HE_Training during this time period is most
likely caused by the combination of lower chlorophyll concentrations in
the chlorosis induced foliage (Thomas and Gausman, 1977; Datt, 1998;
Sims and Gamon, 2002) and contributions from soil due to the open
canopy. This is further supported by Blackburn (1999) where the spectral
response is greater when chlorophyll concentrations are low for canopies
with a lower leaf area index, most likely due to stunted growth. It is
important to highlight that although ND_Foliar and ND_Training have
low concentrations of chlorophyll, their spectral response still decreases
due to the growth of foliage which contains chlorophyll.
For the red band, the overall trend is similar to the green band but
for a different reason. Chlorophyll reflects energy in the green spectrum
(520–600 nm) and is absorbed in the red spectrum (630–690 nm) (Sims
and Gamon, 2002) whereas carotenoids reflect more energy in the red
spectrum (600–690 nm) (Gitelson et al., 2002). As shown in the red
spectrum, the spectral response for all three classes start out at ap-
proximately the same value due to the dominant response being from
the soil. The overall trend for the three classes is again decreasing until
approximately 2013/2014 due to the growth of foliage and then re-
mains relatively constant due to the stable canopy spectral response as
discussed for the green band. Utilising the findings in the green spec-
trum, which showed that ND_Foliar and ND_Training respond similar to
foliage that contains low chlorophyll concentrations, the trends in the
red spectrum are expected as the greater spectral response of ND_Foliar
and ND_Training is most likely due to the greater concentration of
carotenoids compared to chlorophyll (Gitelson et al., 2002). This is also
shown in Sims and Gamon (2002) where yellow leaves, with a greater
carotenoid concentration compared to chlorophyll, show a higher
spectral response than green leaves in the red spectrum.
The spectral response trend for the SWIR band is again consistent
with the green and red bands for all classes. The SWIR band has pre-
viously been used to identify water stress (Jackson et al., 2004; Ghulam
et al., 2008), where foliage with lower water content has a higher
spectral response for both hyperspectral imagery (Asner, 1998; Abdullah
et al., 2018a) and multispectral imagery (Abdullah et al., 2018b). In this
research the SWIR band has most likely identified water stress, not as a
result of water availability, but rather nutrient deficiency. As nutrient
deficiency negatively impacts the rate of photosynthesis (Bottrill et al.,
1970; Longstreth et al., 1980; Makino et al., 1984), the absorption rate of
water will also be negatively affected. It is highly unlikely that the water
stress is due to water availability as the national historic (1711–2016)
average annual precipitation rate is approximately 1150mm (Murphy
et al., 2018). Sites classified as greater than 69% nutrient deficient or
healthy have also shown very similar national 30 year (1981-2010)
average annual precipitation rates, with means of 1,385mm and
1,395mm respectively (Walsh, 2012), illustrating the difference between
the two time series graphs is not due to a difference of precipitation.
The spectral response of ND_Training can be differentiated from
HE_Training as early as 2003 (3–5 years old), as the difference is very
pronounced at this stage with no overlap in the spectral responses or
confidence intervals which remains for the time series for all three
spectra (Fig. 8). It could, however, be more appropriate to wait until the
canopy's spectral response ceases to change which starts at approxi-
mately 2013/2014 (13–15 years old) to avoid potentially misclassifying
slower growing healthy forest stands. The optimum age threshold to use
Fig. 7. A heatmap of sub-compartments classified as greater than 69% nutrient
deficient in the Republic of Ireland with the most intensely deficient areas
coloured yellow. (For interpretation of the references to colour in this figure,
the reader is referred to the web version of this article.)
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will depend on the specific user's requirements but an early identifi-
cation of nutrient deficiency will allow for an earlier intervention,
avoiding significant impact on forest productivity. To balance opera-
tional requirements of intervening as early as possible, but maintaining
confidence in the classification, the age cohort used was 10–12 years of
age (2010). The corresponding digital number thresholds used for this
age cohort were 550 for green, 450 for red, and 1,250 for SWIR for
Spring images i.e. if a 10–12 year old stand has a spectral response
greater than these three thresholds in their respective spectra during
Spring, it will be considered for foliar analysis.
5. Conclusions
The objectives for this research were to determine the areal extent of
nutrient deficiency of Coillte's forest stands and to determine when the
spectral response of nutrient deficiency can be differentiated from
healthy, using time series analysis. The analysis has shown that the use of
freely available multispectral satellite imagery to differentiate nutrient
deficient and healthy stands is robust and appropriate. The objectives
have facilitated the production of a classified map which will allow forest
managers to make more effective management decisions based on the
spatial distribution of nutrient deficiency. This classified map resulted in
an unbiased area estimate of the three classes, nutrient deficient, healthy
and other, for the Spruce estate over 12 years old managed by Coillte in
the Republic of Ireland. This will provide a baseline assessment of nu-
trient deficiency which can be monitored into the future. Spectral
thresholds using digital numbers for the green, red, and SWIR spectra
were identified for 10–12 year old crops, that will be used to highlight
stands that need foliar analysis carried out. This research will allow forest
managers to identify spatially intensive areas of nutrient deficiency to
carry out foliar analysis in a more cost effective and robust manner while
also allowing them to intervene early, mitigating potential negative im-
pacts on forest productivity. Further studies should examine the affects of
the interrelationships between soil type, climatic and environmental
factors, management practices, and nutrient deficiency.
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